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Abstract: To respond to the emerging challenge of climate change, feasible strategies need to be formulated
towards sustainable development and energy security on a national and international level. Lacking a dynamic
sustainability assessment of technologies for electricity planning, this paper fills the gap with a multi-criteria
andmulti-stakeholder evaluation in an integrated assessment of energy systems. This allows to select themost
preferred strategies for future planning of energy security in Egypt, with a focus on alternative energy pathways
and a sustainable electricity supply mix up to 2100. A novel prototype model is used to integrate multi-criteria
decision analysis (MCDA) as a premiumdecision support approachwith agent-basedmodeling (ABM). This tool
is popular in analyzing dynamic complex systems. AGIS-based spatial ABManalyzes future pathways for energy
security in Egypt, depending on the preferences of agents for selected criteria to facilitate the transformation
of energy landscapes. The study reveals significant temporal variations in the spatial ranking of technologies
between actors in the energy sector over this period. We conclude that in order to attain a sustainable energy
landscape, we should involve relevant stakeholders and analyze their interactions while considering local spa-
tial conditions and key dimensions of sustainable development.
Keywords: Energy Security, Energy Landscape, Egypt, Multi-Criteria Decision Analysis, Agent-Based Modeling,
Geographic Information System
Introduction: Challenges of Energy Security
1.1 The complexity of energy systems poses challenges to decision making in the electricity sector on the future
energy-mix. Tackling these challenges requires the evaluation of possible energy systems and involves rele-
vant stakeholders, while considering the influence of decisions in other sectors. Moreover, local spatial condi-
tions play an important role in site selection of new power plants as well as in the comparative assessment of
potential technologies to be installed at a certain location. Current international concern for sustainable de-
velopment to alleviate climate change puts a large burden on decision makers for the right planning of future
electricity supply systems. For these reasons, actors in the electricity sector are concerned with the trilemma
of ensuring access to aordable, reliable and sustainable energy, fostering the objectives of Sustainable Energy
for All initiative (United Nations 2016).
1.2 During the last seven years, Egypt has experienced frequent electricity blackouts due to rising demand, natural
gas supply shortages, aging infrastructure and inadequate generation and transmission capacity. According to
the United States Energy Information Administration (US EIA), Egypt’s generating capacity was 31.45 gigawatts
(GW) in May 2015, which is slightly higher than the expected peak demand in 2015 of 30 GW. About 70% of
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Egypt’s electricity is fueled by natural gas, 19% by petroleum and 11% by renewable energy, which is mostly
hydroelectricity (9%) (US EIA 2015; EEHC 2014). Additionally, political instability, unclear policy and regulation
hinder investments of the private sector in this field. Thus, there should be a short, medium and long term
planning on how to resolve this issue and to secure the future supply of electricity.
1.3 Exploring the literature, we found that dierent methodologies have been applied to evaluate complex energy
systems from dierent perspectives. Some studies have investigated sustainability in general terms without
specifying anymethodology. Additionally, they have assessed the impact of energy systems on the sustainabil-
ity of the surrounding community emphasizing the correlation between renewable energy technologies and
sustainability (see Terrapon-Pfa et al. 2014; Stambouli et al. 2012; Del Rio & Burguillo 2009; Tsai 2010; Liu 2014;
Singh et al. 2009; Ness et al. 2007).
1.4 Anotherprominentmethodology ismulti-criteriadecisionanalysis (MCDA) (seePohekar&Ramachandran2004;
Wang et al. 2009; Abu-Taha & Daim 2013; Doukas et al. 2012; Troldborg et al. 2014; Evans et al. 2009; Demirtas
2013). Further studies have applied agent-based modeling (ABM) to investigate electricity markets (see Möst
et al. 2008; Sousa et al. 2013; Babic & Podobnik 2016; Guerci et al. 2010; Macal et al. 2014; Zhou et al. 2007; North
et al. 2002; Rastegar et al. 2009). These explain the interaction between end-users and electricity suppliers and
how this influences the electricity prices of dierent technologies, which is not applicable to our case study
since the energy sector is entirely moderated by the government.
1.5 Allen & Varga (2014) investigated the changing geographical distribution of electrical generation capacity in
the UK till 2050, using a relatively simple spatial, dynamic agent-based model. Their objective was to identify
the energy-mix that copes with reducing carbon emissions to 20% of their 1990 value by 2050 in the UK. Bale
et al. (2015) reviewed the application and importance of complexity science methods like ABM in understand-
ing the energy transition. The application of these methods which recognize the complexity of energy systems
in relation to social, technological, economic and environmental sustainability aspects facilitates transition to
sustainable energy systems providing secure, aordable and low-carbon energy services. These complex en-
ergy systems consist of many stakeholders, interacting through networks, leading to emergent properties and
adaptive learning processes. Bale et al. (2015) support the idea of our study of applying ABM in energy tran-
sition planning in combination with sustainability. Moreover, Rai & Henry (2016) shed the light on the use of
agent-based modeling to consumer energy choices, with an emphasis on identifying specific ways in which
ABM can improve understanding of both basic scientific and applied aspects of the demand side of energy to
aid the design of better policies and programs. However, we have introduced a novel model combining multi-
criteria decision analysis (MCDA) with agent-basedmodeling (ABM) and Geographic Information Systems (GIS)
visualization to integrate the interactions of the decisions of multiple agents, the multi-criteria evaluation of
sustainability, the time factor and site factors to assess the transformation of the energy landscape.
Research Framework
2.1 The paper aims to answer the research question: Which future electricity-mix scenario could secure a sustain-
able electricity supply in Egypt up to 2100, and is themost suitable for stakeholder criteria and local conditions?
In order to answer this question,we investigated the conditions, scenarios and strategies for future energyplan-
ning in Egypt, with an emphasis on alternative energy pathways and a sustainable electricity supplymix as part
of an energy roadmap until 2100. Dierent electricity supply technologies are investigated and compared with
multiple assessment criteria andmultiple agents to achieve a comprehensive sustainability assessment cover-
ing technical, social, economic and environmental aspects of these technologies.
2.2 The paper is guided by the underlying hypothesis that a comprehensive sustainability assessment supports
transformation from the fossil-based energy system in Egypt towards alternatives, developing the enormous
renewable energy potentials of North Africa. Starting fromanunderstanding of the obstacles and lock-in eects
of the current energy situation, the research aims to go beyond technical and economic fixes of established
structures, towards expanding the range of criteria and agents reflecting sustainable development. Scenario-
based modeling represents the shiing priorities of agents who shape the evolving energy landscape in Egypt
(Shaaban 2017).
2.3 This study expands upon an agent-based modeling framework describing the interaction of values and invest-
ments of multiple agents (see Bendor & Scheran 2018; Scheran & Hannon 2007; Scheran 2008, 2013; Schef-
fran & BenDor 2009; Eisenack et al. 2007). We used the open source ABM soware “NetLogo" to explicitly rep-
resent spatial agents across space and time as they decide on dierent energy pathways. We considered envi-
ronmental factors that vary across the landscape and create non-uniform environments for each energy type.
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We selected seven principal technologies based on their potential capacity in Egypt and the government’s in-
tention to employ them in the future. These technologies are coal-fired power plants, natural gas-fired power
plants, wind, concentrated solar power (CSP), photovoltaics (PV), biomass and nuclear power plants. We did
not include oil-fired power plants as oil is only used in Egypt in co-firing steam power plants that are mainly
fueled by natural gas. Moreover, we excluded hydropower as the resource potential is already totally exploited.
2.4 There are numerous criteria that have been used to assess sustainable development of energy systems. How-
ever, toomany indicators are not helpful for sustainable energy decision-making. Indicators should cover rele-
vant dimensions of sustainability which are not repetitive and overlapping (Liu 2014), such as fuel costs in op-
eration andmaintenance costs, job creation and social benefits of energy projects (Wang et al. 2009). Selection
requires a compromise between simplification and complication (Singh et al. 2009). Some selection method-
ologies have been proposed by Singh et al. (2009) and Wang et al. (2009). We selected 13 criteria as shown in
Table 1 for the sustainability assessment of the technologies according to the approach applied in Shaaban &
Scheran (2017).
Category Criteria Category Criteria
Economic Investment cost Technical Eiciency of energy generation
Job creation Resource Potential
Cost of electricity Reliability of energy supply
Operation andmaintenance cost Water consumption
Environmental CO2 emission Social Safety risks
NOx emission Social acceptability
SO2 emission
Table 1: The selected assessment criteria (based on Shaaban & Scheran 2017)
Methodology
Themulti-criteria decision analysis
3.1 Themulti-criteria decision analysis MCDA is a decision-making approach to evaluate the sustainability of a sys-
tem in an integrated form (Wanget al. 2009) by representing andoperationalizing thedecision-makingof actors
in a system (Knoeri et al. 2011). It addresses complex problemswhile considering the evolving bio-physical and
socio-economic systems. It has been widely applied in various fields such as social, economic, agricultural,
industrial, ecological and biological systems. Moreover, it currently plays an important role in energy systems
planning, especially since concern for environmental protection has increased. The theory is based on com-
paring dierent alternatives by identifying a set of evaluation criteria applicable to all these alternatives. The
values of these criteria are then normalized, and their weights are determined according to the relative im-
portance of the criteria. The main objective of MCDA is to integrate the weights and normalized values of the
criteria so that each alternative is associatedwith an integrated value that reflects its ranking (Wang et al. 2009).
In this research we employed two MCDA approaches in the sustainability assessment of the technologies: the
analytical hierarchy process (AHP) and the weighted summethod (WSM).
3.2 The analytical hierarchy process (AHP) was proposed primarily by Saaty (1980). It is based on the decompo-
sition of a complex problem into a hierarchy with an objective at the top of the hierarchy, indicators and sub-
indicators at levels and sub-levels of the hierarchy and decision alternatives at the bottom of the hierarchy as
shown in Figure 1 (Pohekar & Ramachandran 2004). Here, we evaluate the weights of the indicators in a pair-
wise comparison using the scoring systempresented in Table 2. The scoring is based on the relative importance
of the indicators with the aim of energy technology selection according to the perspectives of stakeholders in
a questionnaire that we designed and distributed to them (see Appendix A).
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Figure 1: Illustrative scheme of the AHP network.
Scale Degree of preference Scale Degree of preference
1 Equal importance 7 Very strong
3 Weak 9 Extreme importance
5 Strong 2, 4, 6, 8 Intermediate values
Table 2: Scoring scale of AHP and its interpretation (Wang et al. 2009).
3.3 The weighted summethod (WSM) is the most commonly used approach in sustainable energy systems (Wang




(aijwj), for i = 1, 2, 3, . . . ,m (1)
where Ai is the WSM score of alternative i, n is the number of decision indicators, m is the number of alter-
natives, aij is the normalized value of the jth indicator in terms of the ith alternative and wj is the weight of
the jth indicator that has been obtained from the AHP. The total value of each alternative is equal to the sum
of products, which is ultimately used to rank, screen or choose an alternative with the maximum score. From
this step, we get the ranking of technologies which corresponds to the general integrated sustainability index
as calculated through the WSM. This index reflects the marginal value of the technology that will be used in a
later step as a driving factor in changing the priority towards a certain technology.
GIS-based spatial data analysis
3.4 Another part of themodel is to evaluate the influence of certain important external factors that represent local
conditions on the selection of an energy pathway. These factors are more site-specific than being dependent
on a technology type, with a few exceptions. They play an important role in location ranking for the installation
of technologies.
3.5 To prepare the Egyptian spatial framework, we selected six spatial factors: population density, primary roads
availability, water availability, electric grid availability, political stability and the negative impact potential on
crops. Additionally, we evaluated the spatial resource potential for each of the seven technologies. We built
these data sets as layers of vector data on the political boundary layer of the Egyptian basemap obtained from
the Russian GIS-lab website (GIS-Lab 2014), using ArcGIS v.10.3.1. We then converted it to raster data layers at
a resolution of 0.01745 degree (cell size = 0.02) using the open source SAGA GIS v. 2.1.4 (Conrad et al. 2015).
For some spatial factors, we divided themap into zones with similar features related to the analyzed factor. We
gave a score to each zone based on an ordinal scale between 0 and 10. For other factors, such as the resource
potential of wind and solar energy, we built the spatial data based on a reference map e.g., the wind and solar
atlas, respectively.
3.6 We applied the AHP methodology in obtaining the weight of these factors for each technology. We also ap-
plied the WSM to obtain an integrated value for each site location so that they could be ranked. The detailed
explanation of the spatial data analysis can be found in Shaaban (2017).
3.7 It is important tomention that for almost all types of technologies, the required area for installation is not ama-
jor problem in Egypt, where the total land use requirement by CSP technology is 10 acres/MW (≈ 0.04 km2/MW)
(Ong et al. 2013). Thus, one percent (1/100) of the total surface area of Egypt (≈ 10,000 km2) is enough for the
installation of 250 GW fromCSP type power plants which is themost land-consuming technology. Additionally,
a very limited area along the Nile Valley and the delta was also exploited. Thus, a high degree of accuracy of
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spatial data was not necessary in our investigation. Moreover, these spatial factors were not the only ones that
should be considered in energy system planning. There are still other factors that play also important roles in
this process but we just use some of them to build up our basic model. The next step is to include the agent-
basedmodel reflecting the temporal dynamics of the decision making process based on cost-benefit analysis.
Agent-basedmodeling (ABM)
3.8 Agent-based simulation has become increasingly popular as a modeling approach in the social sciences. This
is because it allows building models where individual entities and their interactions are directly represented.
In comparison with variable-based approaches using structural equations, or system-based approaches using
dierential equations, agent-based simulation is a bottom-up modeling approach. This oers the possibility
of modeling individual heterogeneity, representing explicit agent decision rules, and situating agents in a ge-
ographical or another type of space. It allows modelers to naturally represent multiple scales of analysis, the
emergence of structures at the macro or societal level from individual action and various kinds of adaptation
and learning, none of which is easy to do with other modeling approaches (Billari et al. 2006; Gilbert 2008).
3.9 An agent is a discrete and autonomous entity with its own goals and behavior, with a capability to adapt and
modify this behavior. An ABM consists of a set of agents, their relationships, rules of behavior and a frame-
work for simulating agent behaviors and interactions. Unlike other approaches, ABM begins and ends with the
agent’s perspective (Macal & North 2006)making it particularly suitable to apply agent choices and investment
to energy pathways. In our model, the ABM is built on agents who act by adjusting their priorities (p) for action
pathways (A) in response to the change inmarginal values of pathways as a function of costs (C) and value pref-
erences (V), as well as environmental conditions (E) that change in space and time as shown in Figure 2 (for a
description of the VCXmodel framework, see Scheran & Hannon 2007; Bendor & Scheran 2018).
3.10 We modified and expanded this ABM approach by including value functions based on the MCDA assessment
models aswell as expert evaluations andprojected future electricity demand to compare dierent energy path-
ways used in electricity mix scenarios and sustainability of land use. The multi-criteria assessment is applied
to classify typical agents characterized by weighted priorities for certain criteria sets. These types of agents
are then used in models where they follow these priorities to select energy pathways that meet these criteria.
Agent decision-rules are applied to aGIS-based spatial (cellular)model landscape, taking into account spatially
specific environmental and socio-economic conditions.
Figure 2: An illustrative diagram of the agent-based model (based on Scheran & Hannon 2007. It describes
the allocation of priorities (p) of investment (C) to action pathways (A) aecting value preferences (V) under
changing environmental conditions (E).
3.11 The dynamics of changing action priorities for energy pathways describes agents that iteratively shi their ac-
tion pathways towards large marginal value preferences. This is achieved by comparing the marginal value of
one pathway with the weighted average marginal value including all pathways. This is given by the following




















∆t is the change in action priority p of actor q for energy pathway k in spatial cell i for time period ∆t
which is one year in our case.
• αiq is the adaptation rate of actor q in spatial cell i (in this study we apply the same adaptation rate for all
pathways).
• ∑l pliqvliq is the sum of weightedmarginal values (average) including all energy pathways l.
• vkiq is themarginal value of energy pathway k for actor q in spatial cell iwhich is a function of the normal-
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• skmi is the normalized value of spatial factorm influencing spatial cell iwhich is for some factors specific
to energy pathway k as in case of the resource potential, where z is the number of spatial agents.
• hm is the weight of the spatial factorm, where o is the number of spatial factors.
• a(t)kj is the normalized value of the assessment indicator j for energy pathway k which is for some indi-
cators a function of time.
• wjq is the weight of the assessment indicator j of actor q, where n is the number of the assessment indi-
cators.
3.12 In thismodel, themarginal valueswhichdrive the changeof priority for dierent energypathways takemultiple
criteria and weights of several actors for local spatial conditions into consideration (Equation 3). In reality, the
actors interact in response to decisions taken by others in their respective spatial cells since these decisions af-
fect themarginal value of action pathways. This type of interactive simulation betweenmultiple actors, reflects
game theoretical and collective decision-making principles, discussed in more detail in Shaaban (2017). These
agents could be customers or suppliers, directly aected by the action pathways, or they could be supporters
or opponents indirectly aected.
3.13 In this paper, we are concerned with the interaction between four categories of agents, i.e., actors, who rep-
resent energy planners selecting among energy system technologies that could supply the growing electricity
demands. In one of the investigated scenarios, which we called the game scenario, each of these four types of
agents (experts, policy-makers, investors and young-researchers) together with the sustainable scenario rank
the technologies in each spatial location, and the winning agent is the one with maximum priority technology
aer its marginal value preference. The other agents could thereaer modify their evaluation preferences to
achieve the maximum priority technology in future time steps. Figure 3 shows a schematic diagram summa-
rizing the principle of integrating the three methodologies in assessment and selection of technologies. The
identification of the best location for each technology is based on the ranking of patches for each technol-
ogy according to the integrated spatial factors, conducted using themulti-criteria approach: the weighted sum
method.
3.14 We assume that we have virtual representatives of each of the four tested agents distributed across the map
Egypt, which has been divided into cells or patches of equal size, here called spatial agents or decision-makers
(DM). The number of these patches depends on the analysis resolution. In each patch, there is an independent
representative of each actor type, who can select one technology with the highest priority, to be installed on
this patch or to identify the preferred energy-mix in the spatial cell. The decision making process is based on
local conditions in each patch caused by spatial factors as well as the multi-criteria sustainability analysis of
the technology. These two factors build themarginal value vkiq of each technology bywhich actors change their
initial priority. Thus, in every patch, each actor should rank the technologies and identify the technology with
maximumpriority. This reflects themost preferred technology to be installed on this specific patch by this actor
at a specific time step or year. It could be interpreted in another way, where it shows the allocated investment
in the energy-mix by one actor at one patch at a specific time step. Going back to our main objective, where
we investigate a national energy-mix planning across the whole country, we took the average priorities of each
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technology of all spatial agents (i.e., the virtual representative) of each actor achieving the overall priorities of
the technologies over time. These investment priorities are allocated on the future upcoming energy demand.
Figure 3: A schematic diagram describing the principle of the integrated assessment.
3.15 We investigate several possible scenarios, which are basically classified according to agent type. We therefore
tested four agent types: experts, investors, policy-makers and young-researchers. Each of these types are com-
pared to the sustainable scenario, which has equal weight of sustainability dimensions and is also compared
to the game scenario. The game scenario reflects the interaction between the four actual actors and the sus-
tainable scenario. For each of these agent-based scenarios, we analyzed the change in average priorities of
each assessed technologies over the whole country, the map visualization of the predominating highest prior-
ity technology across the spatial DM, and the winning technology type in the game scenario across the spatial
DM. All analysis could be performed at dierent adaptation rates (alpha) although here, we show only results
at α = 1.
Preparation of data
3.16 Some selected indicators in Table 1 represent, on onehand costs that stakeholders seek to avoid, or tominimize
as in the case of investment costs. On the other hand, the other indicators represent values that are favored by
stakeholders, for example plant eiciency. Some indicators are directly proportional to sustainability, while
others are inversely proportional to sustainability. Basically, the integration of values of multiple criteria re-
quires a standardization of the measurement scale. Some studies prefer to use the evaluation of the criteria in
monetary terms, which greatly influence the decisionmaking process, asmost decisions are built on economic
evaluation. Here, we apply the Min-Max scaling standardization method (Patro & Sahu 2015). The formulas are
shown below: (
v − (0.9× vmin)
)(







3.17 The first formula is used when the indicator represents a positive value (i.e., the higher the value, the more
sustainable), whereas the second formula is used when the indicator represents a negative value or cost (i.e.,
the lower the value, themore sustainable), so that ultimately we get a value between 0 and 1 for each indicator
across the assessed technologies with an equal interpretation (i.e. 1 means the best). In order to avoid zero
values of the indicator, we reduced theminimum value in the first formula by 10%, and added the same 10% to
the maximum value in the second formula.
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3.18 In order to identify the initial input data of themodel, we used twomain questions answered in a questionnaire
(see Appendix A). The questionnaire was distributed during a field research in Egypt aer appointments with
key actors in energy planning in Egypt, as well as during a summer school and conference in Cyprus.
3.19 Themainobjective of this questionnaire is to know the initial preferenceof dierent electricity supply technolo-
gies and thepreferenceorder of the sustainability assessment indicators in theevaluationof these technologies
by stakeholders in the energy sector. We used these input data in finding theweight of indicators and the initial
preference value of technologies. We categorized participants into four groups including: experts representing
researchers in Egyptian Universities with an experience ofmore than 10 years in the energy field; policy-makers
representing employees in theMinistry of Energy andElectricity; investors representing employees in theWorld
Bankoice and the EuropeanUnionDelegation in Egyptwhich financially supports energy projects; and young-
researchers with an experience of less than 10 years in the energy field. Another virtual actor that we used in
this study is based on the sustainable scenario representing equal initial preferences of all technologies and its
progress with equal weight of sustainability dimensions.
Results and Discussion
Comparison of energy priorities and landscapes for dierent actor types
4.1 Figure4 compares theadaptive changes in theaveragepriorities of technologiesover all spatial cells for the four
tested actors (Experts, Investors, Policy-makers and Young-researchers), the sustainable scenario and the game
scenario throughout 2015 - 2100 (i.e., 0 - 85 time steps in Netlogo). In the “Experts" scenario, it can be observed
that the model started with the highest average priority to CSP followed by PV, wind and NG. Nuclear and coal
were almost zero priority throughout the running period for both experts and investors, however, they started
in the policy-makers and young-researchers scenario at a low level and again reduced drastically to nearly zero.
4.2 In general, there was a gradual increase in priorities of both wind and NG, which started to decrease again aer
approximately 40 years with an opposite pattern to both CSP and PV. This implies that the potential tendency
towards both CSP andPVwould start aer 2050 giving less emphasis onwind andNGby these actors. However,
this changing pattern existed at dierent levels between actors. In the “Policy-makers" scenario, the priority of
wind was higher than other actors, showing more ainity towards this technology. This scenario also showed
a lower priority curve of NG than CSP and PV. In the sustainable scenario, the priorities of wind and NG almost
coincided, whereas for CSP and PV, they bifurcated from the middle of the model running period with an in-
creasing trend to CSP and decreasing trend to PV, but at a lower rate than CSP.
4.3 The map of the energy landscapes for each actor in the years 2015 and 2100 are presented in Figure 5 and Fig-
ure 6 respectively. They show the spatial DMs (cells) withmaximumpriority technology in the four tested actor
scenarios and in the sustainable scenario (a - e) over time. In the game scenario (f), the map shows the spatial
DM with maximum priority technology across the five actors in each cell.
4.4 In the “Experts" scenario in Figure 5, CSP started as a predominant priority in most spatial DMs, with the rest
being distributed betweenPV,wind andNG,with PV coverage exceeding that ofwind. As themodel ran, the CSP
and PV coverage decreased, whereas wind and NG coverage increased (Figure 6). In the “Investors" scenario,
the landscape started with very wide coverage of PV, while the rest was distributed between CSP, wind and NG.
However, this enormous coverage later decreased, whereas NG and wind increased simultaneously, while CSP
remained at low coverage.
4.5 In the “Policy-makers" scenario, the landscape performs in a dierent way from that of the previous two sce-
narios. Instead of starting with an overwhelming technology with a huge coverage, the scenario started with
close percentage coverage between CSP andwind. Then CSP coverage decreased, NG coverage increased grad-
ually, PV coverage increased at a high rate ending up with considerable coverage. In the “Young-researchers"
scenario, the landscape started with a huge CSP coverage as in the “Experts" scenario, low coverage of wind
and very low coverage distributed between NG and PV. While the CSP coverage decreased as the model runs,
the wind and NG coverage increased until it reached equilibrium. The PV coverage was too negligible to be
considered.
4.6 In the sustainable scenario, the landscape started with a balanced mix, including all technology types except
coal. This was because the priorities were only aected by spatial factors without including the technology
assessment through theMCDAat the setup stage. However, this distribution changeddrastically aer themodel
runs, with an abrupt drop of biomass, PV and nuclear coverage, leaving the landscape with major coverage by
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NG, Wind and CSP. In the game scenario, the landscape started with major coverage by wind and CSP at equal
proportions and the remainingwas coveredbyPV. As themodel ran, NGcoverage replacedCSPandPV in certain
patches.
4.7 Generally, the government assessed the possible technologies, and then checked for the best location for in-
stallation of the technology selected. However, from this landscape analysis, if one of the actors selected the
location first, then this actor would have needed to know the best technology to be installed at that location at
a certain time step, and so this analysiswould beof help. Moreover, the energy demand in Egypt did not need to
be supplied through the overall coverage of land. This meant that when we had 80% CSP coverage, indicating
that CSP should not be installed in all of these cells, but rather it reflected only the dominant priority of these
cells.
4.8 In the game scenario, each actor set up an initial preference of sustainability dimensions and played the game
to achieve themaximum value of themaximum priority technology relative to other actors in each spatial cell.
In order to control the conformity of each actor strategywith the game scenario results, therewere several pos-
sibilities. The first was to compare the average priorities of actor technologies with those of the game scenario.
The secondwas to compare the landscape coverage of each actorsâĂŹmaximum priority technology with that
in the game scenario. The third was to observe the winning actor’s landscape. At each step, each actor could
observe howmuch deviation there was from their result.
4.9 The game winning hypothesis could be ruled in three dierent ways: technology-wise, value-wise of the max-
imum priority technology and actor-wise. In the value-based hypothesis, the winning actor with maximum
priority would get the maximum return on investment throughmore investment allocation to that technology
compared to other actorswhomight have the samemaximumpriority technology but at a lower value. The first
two ways are useful to conform to the main target of the game that is concerned with the energy technology
of maximum value to be selected and the investment allocation across technologies. The winning actor could
select the same technology as another losing actor, who had lost the game due to a lower priority value of that
technology. According to this logic, conflict between actors could be avoided. However, if the game ran sub-
jectively, where each actor was concerned with simply winning even if two actors had the same technology, as
in a tendering process, then there would be strong conflict and competition. Thus, the actors choose between
sticking to their initial preferences of the technology assessment and modifying their preferences to win the
game. For the future, other game scenarios could possibly be based on collective decision-making represent-
ing a majority or joint benefit decision rule.
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Figure 4: The average priorities of the technologies per actor type changing with time.
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Figure 5: Themap view in themix scenario displaying themaximum priority technology per actor type (a - f) at
year 2015.
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Figure 6: Themap view in themix scenario displaying themaximum priority technology per actor type (a - f) at
year 2100.
Future projected energy-mix
4.10 This section presents the electricity-mix scenarios based on preferencesmade by actors and a dynamic assess-
ment of these technologies. Based on these average priorities of the technologies presented in Figure 4, we
calculated the future projected energy-mix. In 2015, we used the actual energy-mix in Egypt at year 2014 based
on energy produced, not on the installed capacity, shown in Table 3 in the fih column. We used the predicted
future electricity consumption shown in Figure 71. We then calculated the amount of predicted electricity de-
mand during each period.
4.11 The priority-mix of technologies for each actor wasmultiplied by the predicted electricity demand giving a new
energy-mix distribution. For instance, if 30 TWhof electricitywould beneeded tobe suppliedbetween 2015 and
2020, therefore the priorities would be distributed on this amount, and then added to the previously existing
amount. We assumed that the old systems were included in the energy-mix and not substituted or decom-
missioned, and the energy produced from hydro and oil-fired power plants remained constant throughout the
period. This meant that no new installations would be made. We calculated the predicted electricity-mix in
the form of percentage and installed capacity where the latter was calculated according to the predicted future
energy generated and full load hours for each technology type.
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MW TWh %MW∗ %TWh∗ FLH∗
Hydro 2800 13352 8.745900359 7.9455381 4769
NG 22288 119.3 69.61736686 70.993311 5353
Oil 6360 34.04 19.86568796 20.256599 5352
Wind 547 1332 1.708574106 0.7926495 2435
Solar 20 0.02 0.062470717 0.0119016 1000
Table 3: Electricity-mix data of Egypt in 2014 (EEHC 2014). ∗These are calculated values, FLH: Full load hours.
Figure 7: Electricity consumption in Egypt (past, current and future trend) (Source: The World Bank 2014b,a).
4.12 The values of the energy-mix in percentage are shown in Table 4 andTable 5 for the years 2020and2100, respec-
tively and the values of the energy-mix in terms of installed capacity for the same years are shown in Table 6
and Table 7. Although the values across actors were very close in some cases, we highlighted the major varia-
tions between these actors in 2020 and 2100. The values in Table 4 and Table 5, which are highlighted in yellow
represent the minimum values while the ones highlighted in gray represent the maximum values. For hydro
and oil, the values were constant between actors because they were assumed not to be extended.
4.13 It was found that coal in 2020 would range between completely absent in the energy-mix as preferred by in-
vestors, to about 2% in the sustainable scenario corresponding to 0.8 GW, although 0.5 GWwould be accepted
to all actors according to the gamescenario. In 2100, coalwouldbeacceptednot to exceed4%of the energy-mix
with an installed capacity in the range of 5 GW. For NGwhich currently constitutes about 70%of the energymix,
its share is expected to be reduced to about 60%with an installed capacity of about 23 GW in 2020. There is no
big dierence in theprediction levels ofNGbetweenactors in 2020, however in 2100, the gap increases between
actors regarding this technology where it ranges between 25 - 40% share in the energy-mix which corresponds
to a predicted installed capacity ranging between 36 - 58 GW. Wind share is predicted to have an average value
of 5% with a range of 3.5 - 7% in 2020 of the generated energy and an installed capacity of about 5 GW. These
values should not be confused with the values stated in the national plan of 12% share of wind as the latter
value is based on the installed capacity share. This installed capacity share is almost close to our calculation
that shows approximately 10%. In 2100, therewould also be abig dierence between actors’ predictions, where
the share of wind ranges between 20 - 35%, which corresponds to an installed capacity range of 70 - 113 GW. For
CSP in 2020, the share ranges between 2.7 - 5% with an installed capacity ranging between 5.5 - 10.5 GW. The
value of the installed capacity for CSP is almost double that of wind, although the share of CSP is lower than
wind as the full load hours of CSP is less than half that of wind.
4.14 The full load hours were calculated according to the currently installed power plants in Egypt and their gener-
ated electricity. The dierence in the full load hours roots from the dierence in the capacity factors and the
availability of technologies. This also justifies the dierences in the total installed capacities between the actors
as they have dierent energy-mixes. In 2100, the share of CSP would rise to a range of 12 - 20%with an average
installed capacity of about 120 GW. The PV share is expected to have the same range like that in CSP in 2020 and
2100 in accordance to the preferences of various actors. Moreover, the installed capacity is in the range of 3 - 6
GW in 2020 to 50 - 85 GW in 2100which diers from that of CSP due to the dierences in the full load hours also.
4.15 It is recommended by the sustainable scenario to include a share of 2.2% of biomass in 2020 and 2100 as a
diversification tool of electricity resources to achieve higher security. The same applies to nuclear technology
where the share ranges from0 -2.2% in2020atanaverage installedcapacityof0.4GW.Although the share range
is preferred to be unchanged, the installed capacity is however increased to an average value of 2 GW in 2100.
The tendency towards nuclear between actors varies to some extent as in coal, where it is completely absent in
the energy-mix of the “Investors" actor but is recommended in the sustainable scenario andby “Policy-makers".
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Actors2 Exp Inv PM YR SS GS
Coal 0.14% 0.00% 0.65% 0.53% 2.16% 1.30%
NG 62.03% 62.43% 59.32% 62.00% 61.35% 60.87%
Wind 5.13% 5.32% 6.97% 4.79% 3.57% 4.56%
CSP 5.12% 4.10% 5.15% 5.02% 2.67% 3.17%
PV 4.25% 4.97% 2.71% 3.43% 2.58% 3.08%
Biomass 0.00% 0.00% 0.00% 0.00% 2.28% 2.51%
Nuclear 0.14% 0.00% 2.02% 1.05% 2.21% 1.34%
Hydro 6.53% 6.53% 6.53% 6.53% 6.53% 6.53%
Oil 16.65% 16.65% 16.65% 16.65% 16.65% 16.65%
Table 4: Electricity-mix scenarios in percentage for dierent actor types of Egypt in 2020.
Actors Exp Inv PM YR SS GS
Coal 0.12% 0.00% 0.72% 0.41% 1.86% 3.56%
NG 38.27% 39.53% 24.94% 36.87% 38.94% 30.41%
Wind 24.18% 22.79% 34.89% 24.65% 22.49% 21.26%
CSP 16.40% 12.41% 18.43% 19.48% 14.90% 13.05%
PV 14.92% 19.25% 13.46% 11.82% 11.32% 11.78%
Biomass 0.00% 0.00% 0.00% 0.00% 2.24% 10.33%
Nuclear 0.08% 0.00% 1.54% 0.75% 2.22% 3.58%
Hydro 1.70% 1.70% 1.70% 1.70% 1.70% 1.70%
Oil 4.33% 4.33% 4.33% 4.33% 4.33% 4.33%
Table 5: Electricity-mix scenarios in percentage for dierent actor types of Egypt in 2100.
Actors Exp Inv PM YR SS GS
Coal 51.97 0.00 248.21 205.13 829.42 497.10
NG 23,807.14 23,960.29 22,765.20 23,792.79 23,545.29 23,360.70
Wind 4,330.34 4,486.63 5,881.26 4,043.30 3,010.85 3,844.92
CSP 10,526.66 8,418.76 10,570.57 10,307.09 5,483.80 6,504.81
PV 4,909.55 5,731.92 3,131.18 3,957.66 2,979.04 3,552.64
Biomass 0.00 0.00 0.00 0.00 636.12 701.27
Nuclear 35.28 0.00 526.37 272.47 574.65 348.13
Hydro 2,812.16 2,812.16 2,812.16 2,812.16 2,812.16 2,812.16
Oil 6,391.76 6,391.76 6,391.76 6,391.76 6,391.76 6,391.76
Total 52,864.86 51,801.53 52,326.72 51,782.35 46,263.09 48,013.50
Table 6: Electricity-mix scenarios as installed capacity in MW for dierent actor types of Egypt in 2020.
Actors Exp Inv PM YR SS GS
Coal 172.31 0.00 1,068.74 598.98 2,746.71 5,267.10
NG 56,553.09 58,412.73 36,854.66 54,484.94 57,543.76 44,940.64
Wind 78,552.26 74,013.71 113,321.81 80,080.65 73,054.90 69,067.88
CSP 129,710.88 98,136.29 145,754.35 154,068.85 117,890.54 103,204.76
PV 66,315.98 85,559.46 59,792.52 52,518.65 50,306.48 52,352.12
Biomass 0.00 0.00 0.00 0.00 2,408.70 11,105.97
Nuclear 83.55 0.00 1,547.56 751.50 2,227.11 3,588.07
Hydro 2,812.16 2,812.16 2,812.16 2,812.16 2,812.16 2,812.16
Oil 6,391.76 6,391.76 6,391.76 6,391.76 6,391.76 6,391.76
Total 340,592.01 325,326.10 367,543.56 351,707.49 315,382.12 298,730.48
Table 7: Electricity-mix scenarios as installed capacity in MW for dierent actor types of Egypt in 2100.
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4.16 Figure 8 shows a comparison between the energy-mix of the compiled technologies based on their resources
(i.e., fossil fuels - renewables - nuclear) between actors in addition to the sustainable and the game scenarios
for 2020 and 2100. In the le-hand figure, it is clear that all actors agree on having 20% of the energy supply
from renewable resources, which is in line with the Egyptian national plan for renewable energy, while 80% is
from fossil fuels with the inclusion of approximately 2% of nuclear for some actors in 2020. In 2100 in the right
figure, the share of renewables accounts for 50 - 70%, having the complementary supply from fossil fuels but
also with about 3% nuclear for the game scenario.
Figure 8: A comparative analysis of the compiled technologies of the generated energy-mixes between actual
and virtual actors in 2020 and 2100.
Summary and Conclusion
5.1 According to these results, we conclude that the decision making process in the energy sector to secure future
electricity supply for the future generations is a complex process. It involves amulti-dimensional analysis of all
possible potential technologies through the evaluation of indicators whose values change in space and time.
Moreover, the actors involved in the decision-making process have dierent preferences and their decisions
could be aected by other actors. Additionally, in practice they adapt at a dierent rate to changes in the values
of technologies.
5.2 The sustainable scenario constitutes a normative decision approach with unbiased ainity towards any of the
sustainable dimensionsmaking it a target for all countries in their energy planning. However, in practice, there
aremanyactorswhodecidedierently and interactwith eachother. Therefore,wecannot state that theenergy-
mix obtained from any of the tested actors including the sustainable scenario is the best, but rather a balanced
energy-mix resulting from the interaction of the actors in the game scenario could represent a realistic and
better approach of planning an acceptable, a secure and a sustainable future energy-mix in Egypt. The results
of the game scenario show how important it is for the Egyptian government to be more concerned with the
renewable energy projects and the transition of the energy landscape from fossil fuel-fired energy systems to
renewable ones. Energy diversification, through the inclusion of other resources such as limited coal or nuclear
power, adds more security through gaining knowledge and experience of their operation.
5.3 In order to validate the data collected in our questionnaire, we applied a Monte-Carlo validation approach. A
big challenge in validating suchmodel is the inclusion of data based on the opinion of people which we cannot
guarantee to remain consistent with time. Moreover, values of indicators could change in the future due to the
impact of other agents or external factors. Furthermore, we developed a supportivemodel for energy planning
anddecisionmakingoptimization rather than apredictionmodel. This is an adaptationmodelwhere the actors
change their action pathways based on changes to input data. Another feature included here is the adaptation
rate,which in realitydiers fromone individual toanother, buthereweappliedaconstant rate forall actors. This
model would be helpful for an interactive energy planningwhich always requires an update of data especially if
it includes the influence of other agents. Thus, it could be a guide for long termplanning aswell as an assistance
tool of quick action in short term planning.
5.4 The developedmodel includes the possibility of conducting a sensitivity analysis in addition to other features.
The sensitivity analysis can test the model for full preference to only one dimension of sustainability as well as
through the selection of certain types of the technologies under assessment. Shaaban et al. (2018b) explained
the Monte-Carlo validation approach and showed the results of the sensitivity analysis of ranking technologies
using the MCDA approach. The Netlogo model is available at the website of CoMSES Net (Network for Compu-
tational Modeling in the Social and Ecological Sciences) under the following link (https://www.comses.net/
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codebase-release/2e27d874-7581-4e1b-a6d2-bb65a27af711/) where it can be downloaded and all fea-
tures can be examined (Shaaban et al. 2018a).
5.5 In this study, we were able to develop a novel prototype model integrating three methodologies: MCDA, ABM
and GIS. We recommend extending the model by including a higher number of assessment indicators, spatial
factors and other actors. Additionally, the spatial factors should be analyzed at a higher resolution and should
exclude locations that could not be used in all cases to install power plants. As more variables as indicators,
spatial factors and actors, and higher resolution analysis were included in the model, the accuracy of results
would be higher. Therefore, this model could be used as a building block for future projects through changing
alternatives, assessment indicators, external spatial factors, the study country and actors as follows:
• A high resolution and accuracy assessment of the energy systems in Egypt or in any other country.
• The dynamic decision making process in sectors other than the energy sector, such as farming, trans-
portation, housing etc..
• The analysis of interaction between actors in a decision making process and the resulting pathways of
conflict or cooperation from this interaction.
• The analysis of the behavior of dierent actors in response to action taken by other actors in the energy
sector, including:
– Electricity planning and climate change.
– Energy, water and food nexus.
– Electricity planning andmigration.
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Notes
1Dataarebasedonspecific electricpower consumption (kWhper capita) until theyear 2012asobtained from
the The World Bank (2014a). We multiplied these data by the obtained population data from the The World
Bank (2014b) till the year 2012 to get the total consumption. We then extrapolated the total consumption to
2100. Finally, we divided the extrapolated total consumption by the extrapolated population to get the specific
consumption.




We conduct a sustainability analysis of dierent electricity supply technologies in terms of technical, socio-
economic and environmental analysis in Egypt.
The aimof this questionnaire is tomeasure the importance and theweight of the selected sustainability criteria
for future electricity planning, and ranking the dierent electricity production technologies for future supply.
This data is important as it will be further used for analyzing the sustainability extent of each electricity supply
resource. Furthermore, it will be used for designing future electricity mix scenarios for Egypt.
Youas experts, policymakers, investors, and researchers play an important role indesigning and shaping future
energy that is strictly linked to the future quality of life. Thequestionnairewill take fromyouonly 15-20minutes.
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Please read the instructions on how to fill in the questionnaire before going through it.
Aer collecting the data, it will be analyzed and surely I will send you a feedback about the results.
For privacy and data protection no names or contact details should be provided and your participation will be
kept confidential.
INSTRUCTIONS ON HOW TO FILL IN THE QUESTIONNAIRE
1. Figure 9measures the importance of the criteria for future electricity planning through pairwise compar-
ison. Please compare the criteria in the first column with those in the first row horizontally such that the
criterion in the first column, second row is of (. . . ) importance as compared to the criterion in the first row,
second column. Kindly select an item from the drop-down list in the corresponding cell. Items starting
with “Inverse" mean that the higher importance is given to the cell in the row as compared to the cell in
the column.
2. Figure 10 measures the preference of the electricity supply technologies according to the same principle
of Figure 9.
3. Finally, you will be asked to enter your ailiation.
4. Please, do not use the shaded cells.
Figure 9: Importance of criteria.
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Figure 10: Power generation technology preference in electricity planning
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